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Abstract. Biodiversity conservation has been since long an academic
community concern, leading scientists to propose strategies to eﬀectively
meet conservation goals. In particular, Systematic Conservation Plan-
ning (SCP) aims to determine the most cost eﬀective way of investing in
conservation actions. SCP can be formalized by the Set-Covering Prob-
lem, which is NP-hard. SCP is inherently multi-objective, although it has
been usually treated with a monobjective and static approach. Here, we
propose a multi-objective solution for SCP, increasing its ﬂexibility and
complexity, and, at the same time, augmenting the quality of provided
information, which reinforces decision-making. We used ensemble fore-
casting, considering future climate simulations to estimate species occur-
rence projected to 2080. Our method identiﬁes sites: 1) of high priority
for conservation; 2) with signiﬁcant risk of investment; and, 3) that may
become attractive in the future. To the best of our knowledge, this appli-
cation to a real-world problem in ecology is the ﬁrst attempt to apply
multi-objective optimization to SCP associated to climate forecasting, in
a dynamic spatial prioritization analysis for biodiversity conservation.
Keywords: Multi-objective optimization · Systematic conservation
planning · Spatial conservation prioritization · Biodiversity conserva-
tion · Climate change · Uncertainty in simulations · Parameter tuning
1 Introduction
Eﬀective conservation of biodiversity is essential for continued human well-being,
and has been since long a concern of the academic community, but only in recent
years it has been faced as a political, economic and social aﬀair [20]. In this con-
text, the growing interest and concern regarding biodiversity is leading scientists
c© Springer International Publishing Switzerland 2015
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to develop eﬀective strategies to meet conservation goals. The underlying princi-
ple of these strategies lies on the Systematic Conservation Planning (SCP), which
determines the most cost eﬀective way of investing in conservation actions.
SCP can be formalized by the Set-Covering Problem [5], which is NP-hard [9].
SCP can be enunciated as the problem of ﬁnding a minimum set of sites (among
several available ones), simultaneously maximizing the other features under
study. Thus, there are at least two conﬂicting objectives to be optimized, making
SCP a natural candidate for Multi-Objective Optimization (MOO).
Several parameters, e.g., vegetation remnants, annual actual evapotranspi-
ration (AET), and human occupation, among other environmental, social, and
political objectives, can be incorporated to SCP, adding more dimensions to the
problem, therefore increasing its complexity.
Albeit inherently multi-objective, SCP has been usually dealt with a monob-
jective approach through the assignment of weights to dimensions of the prob-
lem aiming to obtain a unique objective function [2,3,7,8,19,22]. Moreover, the
most known techniques for SCP are static, implicitly adopting the hypothesis
that conserved biodiversity does not change throughout time [17]. However, this
is not really accurate, and climate change analyses should be incorporated into
conservation plans to more properly reﬂect the biodiversity dynamics [15].
Quite a few reasons justify the use of the multi-objective approach to deal
with SCP. First, a set of solutions can be found, instead of just one, and this
can be of great interest to decision makers. In addition, ﬂexibility of data type is
increased and constraints can be integrated, at the same time that the problem
is kept tractable [9].
In this paper, we propose a MOO approach for SCP, which signiﬁcantly
augments the amount and quality of information provided to users, reinforcing
decision-making. We employ the well known NSGA-II, given the wide success
of the algorithm, this seemed a logical place to start before developing more
sophisticated multi-objective approaches.
To the best of our knowledge, this application to a real-world problem in ecol-
ogy is the ﬁrst attempt to apply MOO to SCP associated to climate forecasting,
in a dynamic spatial prioritization analysis for biodiversity conservation. In par-
ticular, our analysis considered future climate simulations to estimate species
occurrence projected to 2080. Our method suggests sites of high priority for
conservation, regions with signiﬁcant risks of investment and those ones that
may become attractive in the future.
The remainder of the paper is structured as follows. In Section 2 we discuss
the approaches previously used to deal with SCP. Section 3 describes the mate-
rials and methods adopted in this study. In Section 4, we discuss the results
obtained so far. Conclusions and possible future work are presented in Section 5.
2 Previous Approaches to the SCP Problem
The SCP problem aims to minimize the number of sites, total area or cost and
at the same time guarantee the representation of natural features (objects of
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conservation) [25]. In order to achieve this, the problem can been formulated as
follows [5]:
Let Am×n be a matrix where m = sites and n = natural features, whose ele-
ment aij ∈ {0, 1}, and aij =
{
1, if the natural feature j occurs in the site i;
0, otherwise.
Let each site i have a cost ci, and each feature j a desired representation level
rj . Let xi ∈ {0, 1}, where xi =
{
1, if the site i is included in the solution;
0, otherwise.
The SCP problem consists in minimizing Eq. 1:
m∑
i=1
cixi (1)
Subject to Eq. 2 (for all j, each feature should be represented at least rj
times):
∀j ∈ {1, 2, ..., n},
m∑
i=1
aijxi ≥ rj (2)
The development of algorithms and tools for SCP began in the 1980s [24].
Since then, several approaches have been suggested, ranging from a simple
scoring system to more complex optimization techniques. Commonly, in these
approaches, algorithms select complementary sites in a sequential order, until
they reach the goal of representing all the species (in eﬀect, a greedy algorithm).
Alternatively, the adoption of an exact approach (which ensures the production
of optimal solutions, e.g., integer linear programming) was initially discussed by
Cocks and Baird, in 1989 (mentioned in [29]). However, as SCP is a NP-hard
problem, even the available software packages computing exact algorithms are
not able to solve some large data sets [26]. Due to these characteristics, meta-
heuristics are used as an alternative approach to SCP. The most widely used
metaheuristics for SCP are Simulated Annealing (SPEXAN [3], SITES [22], and
Marxan [2]), and the Tabu Search (ConsNet [7]). Nonetheless, as previously men-
tioned, these approaches have treated SCP in a monobjective way by combining
the diﬀerent problem objectives in one single objective function.
On many occasions, it is diﬃcult to work exclusively with agregated values in
a monobjective function. Often the subjectivity associated to such an approach
can drive to distinct results for the same data set [3,19]. Furthermore, when
two criteria represent distinctive value systems it can be impossible to combine
and/or compare such criteria in a meaningful manner. To insist in a single objec-
tive function can lead to disparate values, conducing to inaccurate results and/or
requiring assumptions that some decision makers would ﬁnd inappropriate [8].
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3 Materials and Methods
3.1 Data
Plant Species. We used data of occurrence of 96 plants with economic impor-
tance in Cerrado, a large biome in Central Brazil, occupying around 1, 500, 000
km2. Satellite-based estimates of habitat transformations in Cerrado show rates
that are still very high and far from diminishing, which will likely put many
endemic and rare species under high threat levels or extinction [14]. Besides the
importance of the biome conservation, plant species used in this research have
historical and cultural relevance, being widely used as part of the culture and
development of regional communities [10].
Information of the 96 plant species under study were obtained from Cen-
tro de Refereˆncia em Informac¸a˜o Ambiental (CRIA; www.cria.org.br), from
Flora Integrada da Regia˜o Centro-Oeste (Florescer; www.ﬂorescer.unb.br), from
the scientiﬁc literature index in ISI (apps.isiknowledge.com) and from Scielo
(www.scielo.org). A total of 8,896 points were compiled and used for modelling
the 96 species. The Cerrado region was overlapped by a 181-cell grid, in which
cells were 1o of latitude by 1o of longitude. The occurrences were modelled as a
function of several environmental variables using diﬀerent methods (for details
see [31]), and results were combined to generate the distribution data, which was
later converted into a matrix of presence-absence of species.
Climate Forecast. To evaluate the eﬀects of future climate changes on the
species geographical distribution, we used an ensemble forecast approach, a con-
junction of diﬀerent climate models, modelling methods and carbon emission
scenarios [13], obtaining what would be the distribution of the species in the
considered region by 2080 (for details see [31]).
Additional Objectives. Three additional objectives were used in this study:
annual actual evapotranspiration, human occupancy and vegetation remnants.
Annual Actual Evapotranspiration (AET). A measure of the joint availability of
energy and water in the environment. Information came from many databases,
and our dataset was obtained according to Rodriguez et al. [28].
Human Occupancy (H O). Human population density (H) has been often used
as a criterion to be minimized [18] or as an evidence of conﬂicts between eco-
nomic/social interests and biological conservation. Although, Rangel et al. [27]
showed that, in Brazilian Cerrado, species richness was positively correlated with
patterns of modern agriculture and cattle ranching, but not with human popula-
tion density. Consequently, other socio-economic variables should be considered
to minimize costs when establishing regional programs for conservation planning
in Brazilian Cerrado. Therefore, this study considered the human occupancy
(H O), a measure obtained compiling data on social and economic variables
indicating conservation conﬂicts [14,27]. Data was obtained from the Brazilian
Institute of Geography and Statistics (IBGE; www.ibge.gov.br).
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Vegetation Remnants (VR). These refer to the proportion of each 1o grid cell
covered by natural vegetation, based on remote sense information (Moderate-
Resolution Imaging Spectroradiometer (MODIS)). Data used in this article are
detailed described in Carvalho et al [6].
Conservation Scenarios. For present and future data, we have a presence-
absence matrix Am×n, where m = 181 sites and n = 96 plant species. In addition,
for each site over time, we have information about AET, H O, and VR. Hence,
we have ﬁve diﬀerent objectives to be optimized: 1) minimize the number of
sites (among the 181 grid cells); 2) maximize the number of 96 represented plant
species; 3) maximize AET; 4) minimize H O; 5) maximize VR.
Our ﬁtness functions were developed by having as many representations of
Eq. 1 as objectives to be optimized, and varying ci according to the objective
under consideration. This allowed to simultaneously optimize distinct objectives
instead of aggregating them into one single function.
We worked with minimization, so, based on the duality principle, w.l.o.g.,
we converted all objectives to their equivalent minimization representation (e.g.,
for the objective mentioned in item 2, optimization consisted in minimizing the
number of missing species – which is the same as maximizing the number of
represented species).
The experts deﬁned that all the species should be represented at least once,
i.e. in Eq. 2, rj = 1, j ∈ {1, ..., 96}.
We deﬁned three conservation scenarios:
• Scenario 1 : to represent all species in current time, applying optimization
in 2 dimensions (we optimized objectives 1 and 2, respectively, the number
of sites and the number of plant species);
• Scenario 2 : to represent all species in current time, using optimization in 5
dimensions (i.e., optimizing simultaneously objectives 1 to 5); and,
• Scenario 3 : to represent all species in 2080 (since it happens to be a forecast,
objectives 3 to 5 are not available, and optimization was performed in two
dimensions, considering only objectives 1 and 2).
3.2 Experimental Setup
Algorithm. We used the Non-Dominated Sorting Genetic Algorithm-II (NSGA-
II) [11]. For each run, a population of initial solutions was randomly generated.
These solutions were then evolved using NSGA-II, which was implemented in
Matlab R©.
Aleatory Uncertainties. In order to determine the number of runs required
to mitigate aleatory uncertainty in the stochastic algorithm employed, we used
Spartan (Simulation Parameter Analysis R Toolkit Application) [1], a package
of statistical techniques designed to support the identiﬁcation of which simula-
tion results can be attributed to the dynamics of the modelled system, rather
than artefacts of uncertainty or parametrisation, or simulation stochasticity.
More speciﬁcally, we applied the Spartan’s Technique 1 (Aleatory Uncertainty
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Fig. 1. Spartan’s Technique 1 applied to Scenario 1. At 300 runs, stochasticity over the
measures M (missing species) and R (number of selected sites) attains a small eﬀect.
Analysis). In order to do so, we analysed 20 subsets sample sizes of 1, 5, 50,
100, 300 and 500 runs each, requiring, therefore, 19,120 individual runs for each
previously described optimization scenario (a total of 57,360 individual runs). It
was found that, for all the scenarios, 300 runs were suﬃcient to reduce the eﬀect
magnitude of aleatory uncertainty on results to less than “small” (the desired
level) (Fig.1).
Parameter Settings. Almost all of the heuristic procedures involve some param-
eter tuning. The task of setting parameter values is notably challenging because we
do not know, in advance, the impact of parameter values on the performance of the
algorithm, specially when the algorithm to be tuned is stochastic in nature [32] .
We used Spartan’s Technique 2 (Robustness Analysis) [1] to investigate the impact
of diﬀerent parameter settings on the quality of the solutions, and to estimate the
most suitable values for the following parameters: population size, crossover proba-
bility,mutation probability, andmutation rate.The samplingmethodbegins at the
parameters lower value and increases the value by a set increment until the upper
limit is reached. Each parameter is addressed in turn, and simulation results for
value assigned to that parameter analysed (Fig.2). We analysed 26 subsets sample
(resulting from the combinations of the diﬀerent parameter values) sizes of 300 runs
each (in accordance with results obtained from Spartan’s Technique 1), requiring,
therefore, 7,800 individual runs for each optimization scenario (a total of 23,400
individual runs). Based on the obtained results, parameter values were set to: pop-
ulation size=500; crossover probability=0.90;mutationprobability=1/L (where
L is the number of regions); mutation rate = 0.5. Besides we used: crossover oper-
ator = single point crossover (SPX); selection by binary tournament; number of
objective functions evaluation = 250.000.
Computer Infrastructure. The experiments were performed on two servers
running Ubuntu Linux 12.04 LTS, a HP ProLiant DL585 G7, 4xAMD Opteron
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(a) (b)
Fig. 2. Spartan’s Technique 2 applied to Scenario 2. The x-axis shows the range of
values explored and the y-axis displays the scores obtained by contrasting response val-
ues for perturbed parameter values to calibrated values. Solutions are considered over
the measures A (AET), H (human occupancy), V (vegetation remnants), M (missing
species), and R (number of seleted sites). (a) Scores for diﬀerent values of crossover
probability, which when perturbed has no signiﬁcant eﬀect on solutions. (b) Scores for
simulations varying population size, this parameter has a strong eﬀect on the obtained
solutions, and its most suitable value is 500. Results suggest that a change in the pop-
ulation size has a statistically signiﬁcant eﬀect on solutions, and it is more critical than
the crossover probability, which has no statistically signiﬁcant impact.
6386 SE 2.8Ghz 16-cores (64 physical CPU cores), 512GB RAM, and a HP
ProLiant DL385p Gen8, 2xAMD Opteron 6386 SE 2.8Ghz 16-cores (32 physical
CPU cores), 256GB RAM.
Evaluation Metric. Due to the stochasticity of the algorithm, we used the
selection frequency metric (SF) [17] to compare the outcomes of our analysis.
This measure represents the number of times each site is selected in the solutions
to the overall problem. Once the SF to all cells was calculated, grid cells were
ranked based on the result. Grid cells with the highest SF were assigned the ﬁrst
rank and those having SF value zero received the last rank. Next, cell relative
importance in both axes was rescaled to 0–100 (zero being not important, and
100 being highly important). Then, grid cells with value zero were excluded
and all the remaining grid cells ordered in a bi-dimensional plot showing the
relative importance of each cell related to current time and to 2080. This graph
epitomizes the scheme for dynamic spatial prioritization analyses for biodiversity
conservation.
Cells with rank higher than 90 for both axes were considered high-priority.
Cells ranking higher than 90 in the present, but not in 2080, are important now,
but will become climatically unsuitable in the future. Cells ranking higher than
90 in 2080, but not now, will become suitable in the future. High-priority cells
are those ranking higher than 90, now and in the future.
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It is worth noting that we settle the lower limit rank to 90 following the
literature [17], but this value is arbitrarily deﬁned and, depending on the con-
text, can be relaxed assuming other lower reference values (e.g., considering cells
ranking higher than 50 as important, instead of higher than 90).
4 Results and Discussion
4.1 Scenario 1
The objective of the optimization in this context was to select the smallest set
of sites, among the 181 available ones, capable of representing all the 96 species
(the species diversity) in current time. This also allowed to establish a lower
bound for Scenario 2.
We found that the minimum number of sites required to represent all of
the species was 2. We found 35 distinct solutions with these characteristics,
reﬂecting diversity in solution, which is important since it provides more options
to decision makers. It is important to note that we have no hierarchy amongst
results, which means that all the solutions are equal in the considered context.
A relative frequency map of the multiple solutions indicates the relative
importance of a cell in order to fullﬁl the objectives of optimization (Fig.3).
This frequency can be taken as an estimator of irreplaceability1 of the cell [21],
e.g., the rarest plant appears in only 10 regions in current time, these sites tend
to be irreplaceables, so that if at least one of them is not selected, the conserva-
tion goal may not be achieved. One of such a site is #105, the most frequent site
in solutions (associated to the presence of the rarest specie, it has the greatest
diversity of species).
4.2 Scenario 2
The objective of the optimization was to select the smallest set of sites capable of
representing all the 96 species in current time, but at the same time optimizing
the additional objectives AET, H O, and VR.
Although there is some empirical inferences, and correlational data in the
literature, experts did not know, in principle, what to expect from the opti-
mization in 5 dimensions, since a behaviour was not determined with respect
to optimizing AET, H O and VR simultaneously. The initial expectation was
that this additional information would bring some advantage selecting sites to
compose solutions, improving, therefore, the overall quality of results.
NSGA-II was not able to ﬁnd (at least in the number of evaluations per-
formed) the lower bound of 2 sites established in Scenario 1, being 3 the smallest
set of sites found. This can be due to the use of a multi-objective algorithm in this
scenario, when maybe the most appropriated would be to apply a many-objective
1 A measure that indicates the proportion a cell contributes to the overall solution,
e.g., cells with this measure converging to 1 often tends to be irreplaceable, in the
sense that if they are lost, the conservation goal is not accomplished.
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Fig. 3. Irreplaceability for: A. Scenario 1. B. Scenario 3. C. Synthesis of Scenarios 1 and
3. Irreplaceability scales from 0 to 1 (since it express the frequency a given site appears
in the solutions). Cells shown in the darkest colour tend to be irreplaceable, which
means that if they are lost, the conservation target (to represent all existing species)
may not be achieved. Sites presenting rare species tend to have higher irreplaceability
scores. Regarding the synthesis of two scenarios, irreplaceability can assume a negative
value (which is plotted as value zero; white cells), this indicates that the site has lost
importance (its capability to fullﬁl the requirements to achieve the objective).
approach [16]. Although, it can indicate that, in the context of using additional
objectives, better results are obtained not through the minimum absolute pos-
sible representation, but through a trade-oﬀ between minimum representation
and the other considered objectives.
The portfolio of solutions increased signiﬁcantly, which was expected, since it
is known in the literature that as the number of objectives increases, the number
of solutions enlarge exponentially [9,16]. Thus, almost all new combination of
sites will give a diﬀerent result with all species being represented, so it is included
in the portfolio.
Results (using Pearson correlation) conﬁrmed the empirical conﬂict between
H O and VR (r = −.84, p < .0001), as well as between H O and AET (r =
−.93, p < .0001) (Fig. 4.a and Fig. 4.b), which corroborates with the evidence
of conservation conflicts [4]. This means that H O reﬂects properly the antropical
eﬀect over biodiversity by the conversion of natural habitats in antropical ones [14].
This is a strong evidence that in addition to the standard biological data used
to guide planning decisions, some kind of human settlement patterns (here H O)
have to be explicitly considered from the very beginning of planning processes
[18]. This is essential to reduce the conﬂict between population density and bio-
diversity and to minimize the cost of conservation (since land prices inexorably
rise as human population density increases).
In addition, a positive relationship between H O and species richness may be
expected because both increase with AET [27]. This was conﬁrmed by results
obtained with a steady number of sites, where for higher values of H O, higher
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(a) (b)
(c)
Fig. 4. Scenario 2, optimization of ﬁve objectives simultaneously. Scatterplot of addi-
tional objectives in pairs. A. VR vs H O (r = −.84, p < .0001). B. H O vs AET
(r = −.93, p < .0001). C. VR vs AET, showing a positive correlation between them
(r = .84, p < .0001), this is a poor pair for optimization. A and B show a negative cor-
relation, revealing a conﬂicting behaviour which means that they are proper candidates
for optimization.
values of AET were observed (human settlement follows better conditions pat-
terns), even though the relationship between H O and AET is inversely propor-
tional (H O has a deleterious eﬀect on AET).
The scatterplot of AET and VR (Fig. 4.c) shows that these objectives have
a positive correlation (r = .84, p < .0001), i.e., there is no conﬂict between
them, revealing that this pair would be a poor candidate for multi-objective
optimization. But since by deﬁnition, in optimal solutions, improving the value
in one dimension of the objective function vector leads to a degradation in at least
one other dimension of it, the other objectives (H O and AET) hold optimization
conditions.
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As result of Scenario 2 experiments, we found that optimization in 5 dimen-
sions allowed to supply decision makers with a more diversiﬁed portfolio, increas-
ing the problem ﬂexibility through the inclusion of more decision objectives,
which whilst increasing the complexity, signiﬁcantly augments the amount of
information that can be used to provide users with an improved decision sup-
port system.
Although we shall investigate these aspects further, the current study makes
a signiﬁcant contribution by applying a multi-objective optimization method
to a real-world problem. This reveals important relationships among objectives
that are common to conservation scenarios of a practical SCP problem.
4.3 Scenario 3
The objective of this optimization was to locate the smallest set of sites that
would be required to represent all species in 2080.
First, it is important to mention that it is not possible to represent all the
96 species, since one of them was extinct (species #80). Moreover, it is worthy
of note that projections by Simon et al. [31] to 2080 show that the species under
study will reduce about 78% of their geographic distribution in Cerrado due to
climate change that will have a strong inﬂuence on the distribution pattern of
these species, regardless the conservation plan adopted.
In this new scenario, the mimimum set of sites that represent the highest
diversity of plants (95 species) is 5. We found 4 distinct solutions with these
characteristics. Irreplaceability for Scenario 3 can be seen in Fig. 3.B, while
Fig. 3.C corresponds to the synthesis of information from Scenarios 1 and 3,
where positive values imply gain of irreplaceability and negative, loss. The irre-
placeability map has the advantage of showing the ﬂexibility degree of systematic
conservation sites [23].
It is worth noting that despite ensemble forecast approach allows more accu-
rate predictions on changes in the species bioclimatic envelope, it is not possible
to remove all uncertainty associated with projections of future climates [31].
4.4 Dynamic Spatial Prioritization
Having a picture of how future scenarios will look like can be extremely use-
ful for decision makers. To assess the relative importance of sites in achieving
conservation targets both for current time (Scenarios 1 and 2) and for future
(Scenario 3), we compared the variation of site selection frequency scores under
dynamic conditions, using a bi-dimensional graph (Fig. 5).
Grid cells populating the upper right corner of the graph (framed by a square)
are important both for current time and for future scenarios of climate change,
therefore it would be a good choice to invest in them. However, grid cells located
in the lower right corner (framed by a rectangle) represent a risk of conservation
investment given their low relative importance in 2080, so, based in this infor-
mation, the decision maker might opt not to invest in these regions, redirecting
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Fig. 5. Graphs for establishing a dynamic spatial conservation prioritization analysis.
A. Scenario 1 x Scenario 3. B. Scenario 2 x Scenario 3. The relative importance of grid
cells is given by a rank ranging from 0 to 100, based on their selection frequency. Grid
cells placed in the upper right corner are important in the present time and in a future
scenario. Grid cells in the lower right corner represent a risk of conservation investment
as they seems to be very important in current time, but of low relative importance in
future. Grid cells in the upper left corner gain attention since they are not critical for
current time, but might became important in the future.
funds to another more promising area. Nevertheless, grid cells in the upper left
corner (framed by a rectangle) deserve attention as they might become very
important in the future even though they are not critical at present time. In this
case, careful land-use planning is imperative because these regions can represent
good cost-beneﬁt in the long-term.
This information, associated to data displayed in Fig. 3.C, provides important
knowledge support to decision makers. Supported by scientiﬁc data, they can
scrutinize the options available in current time and decide how to deﬁne their
spatial conservation priorities, reviewing them if necessary.
For optimization in two dimensions (Scenario 1) (Fig. 5.A), results show data
concentrated along the vertical axis (that represents importance in 2080). We
were able to identify a region in the upper left corner, representing a location
that probably will become very important in the future, although not being
critical at present time. We also found a region in the lower right corner that
can represent a risk to conservation investment given its low relative importance
in 2080.
Our results show that with optimization using additional objectives (in 5
dimensions; Scenario 2) (Fig. 5.B), we were able to ﬁnd data more smoothly
spread along both relative importance axes, and specially leading to the upper
right corner and closer to the upper left corner that could be the most attractive
locations to invest.
Although it would be interesting to ﬁnd data in the upper right corner of
Fig. 5, the results reﬂected the available data, and it strongly indicates that these
solutions simply do not exist. However, our method is able to identify (if they
exist) sites of high priority for conservation, regions with high risk of investment
and sites that may become attractive options in the future. And these data can
be used in order to help decision makers to select their schemes of conservation.
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5 Conclusions and Future Work
As far as we know, this is the ﬁrst attempt to apply multi-objective algorithms
to a SCP problem associated to climate forecasting, in a dynamic spatial priori-
tization analysis for biodiversity. Our work improves the methods used by most
of the tools for SCP, which in general apply a static and monobjective approach.
We applied the proposed new approach to a real and important SCP problem
that is the conservation of the Brazilian Cerrado obtaining consistent and useful
results.
The use of more dimensions allows to incorporate relevant information in the
context of SCP, increasing the complexity of the process but in a more intuitive
and simpler way (without the assistance of an expert).
We suggest that priorities for conservation could be integrated into a strategy
that considers diﬀerent additional objectives helping to select areas, which results
in a conservation plan that is likely to be more eﬀective taking into account the
impact of climate change.
The dynamic analysis is an improvement compared to the static approach
since it reﬂects a signiﬁcant opportunity to adjust priorities into biodiversity
conservation plan, by comparing the relative importance of conservation targets
in current time and in the future.
Although bioclimatic models are eﬀective and widely used to evaluate the
consequences of climate changes for biodiversity, there are still many uncertain-
ties associated to projections to the future.
Our results show that, despite the encouraging achievements, eﬀorts to address
the loss of biodiversity need to be strengthened by complementary policies, since
changes in climate are inevitable and tend to strongly aﬀect conservation projects
as result of the direct inﬂuence on the persistence of species.
This was an exploratory study that showed the advantages of the new app-
roach with respect to previous solutions. Having established that the approach
is viable with a standard MOO algorithm, our future work will focus on the
development of a multi-objective algorithm more specialized to the SCP prob-
lem. Given the success of a variety of work in the Artiﬁcial Immune System area,
e.g. [30], who showed better solutions (closer to the origin axes an more regu-
larly spread throughout the known Pareto Front), we will build on that work to
improve the work presented in this paper.
We also plan to perform further comparative studies addressing SCP problem
scenarios that deal with optimization of more than three objectives (e.g. Sce-
nario 2), applying approaches as many-objective optimization [16] and bilevel
optimization [12].
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